Identification of the basal slice in cardiac imaging is a key step to measuring the ejection fraction (EF) of the left ventricle (LV). Despite research on cardiac segmentation, basal slice identification is routinely performed manually. Manual identification, however, has been shown to have high inter-observer variability, with a variation of the EF by up to 8%. Therefore, an automatic way of identifying the basal slice is still required. Prior published methods operate by automatically tracking the mitral valve points from the long-axis view of the LV. These approaches assumed that the basal slice is the first short-axis slice below the mitral valve. However, guidelines published in 2013 by the society for cardiovascular magnetic resonance indicate that the basal slice is the uppermost short-axis slice with more than 50% myocardium surrounding the blood cavity. Consequently, these existing methods are at times identifying the incorrect short-axis slice. Correct identification of the basal slice under these guidelines is challenging due to the poor image quality and blood movement during image acquisition. This paper proposes an automatic tool that focuses on the two-chamber slice to find the basal slice. To this end, an active shape model is trained to automatically segment the two-chamber view for 51 samples using the leave-one-out strategy. The basal slice was detected using temporal binary profiles created for each short-axis slice from the segmented two-chamber slice. From the 51 successfully tested samples, 92% and 84% of detection results were accurate at the end-systolic and the end-diastolic phases of the cardiac cycle, respectively.
INTRODUCTION AND RELATED WORK
Cardiac Magnetic Resonance (CMR) imaging is routinely used to evaluate cardiac function. CMR imaging consists of a time series of 12-15 short-axis slices together with two long-axis views, a two-chamber view and a four-chamber view that are captured first to plan the short-axis acquisition. One of the key applications of CMR is to measure the ejection fraction (EF) of the heart by estimating the volume of the LV at the end-systolic and the end-diastolic phases. To compute the volume, most prior work focuses primarily on segmenting the short-axis slices. The work done by Tufvesson et al., 1 Ayed et al. 2 and Jolly et al. 3 are typical examples. Several short-axis segmentation methods have been compared by Petitjean et al. 4 There are also challenges on left ventricle volume reconstruction that are organized within the MICCAI community.
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Although significant progress has been made in automatic volume segmentation, to accurately estimate the EF, the basal slice at the end-systolic and the end-diastolic phases need to be specified. Errors on the basal slice selection are the main cause of inter-observer variability 6 and can increase or decrease the EF by up to 8%. Efforts have been made to automate LV base detection. Mahapatra, 7 for example, proposes a learning-based method that trains a random forest classifier by extracting intensity, texture, and contextual features from a bounding box around the annotated points at both sides of the mitral valve. The average error for mitral valve landmark detection was reported to be 5.67 mm (±5.83 mm) for 80 test cases. Detection errors higher than 10 mm were reported for some cases. Lu et al. 8 propose another learning-based method by introducing auxiliary markers along with the landmarks to collect more contextual information from the image and help landmark detection. The model was evaluated on 6920 images and the average detection error was measured to be 3.5 ap,) (first) shows a slice with less than 50% myocardium around the blood cavity. (second) shows a slice with more than 50% myocardium. (third and forth) an example of a heart for which the basal slice at end-systole is not below the line connecting the mitral valve points (l).
mm (±5.6 mm). In this approach, 2.6% of detections were rejected due to their low confidence. Utilizing such methods for basal slice selection comes from the assumption that the basal slice is the first short-axis slice below the line connecting the the mitral valve points. However, the society for cardiovascular magnetic resonance recently published guidelines for cardiac image analysis 9 that describe more precisely how to select the basal slice. According to these guidelines, the basal slice is the topmost short-axis slice that has more than 50% myocardium around the blood cavity. The first two images in Figure 1 show examples of short-axis slices in which less than 50% myocardium and more than 50% myocardium is found around the blood cavity. The last two images show a heart for which the basal slice is not below the line connecting the mitral valve points. The poor quality of the short-axis images around the base which is primarily composed of moving blood makes it challenging to detect the basal slice based on the short-axis slices. In this paper, a framework for automatic basal slice detection is proposed. The proposed method utilizes the two-chamber sequence together with the short-axis slices. Previous efforts such as the work by Uzumcu et al. 10 have examined how to make this process easier for the radiologist using this view of heart, but the work still requires annotation of points on the heart as well as knowledge of the end-systolic and end-diastolic phases. There are also 3D models of the heart in the literature for segmentation of the left ventricle from different orientations including the two-chamber view such as the work by Zhuang et al. 11 and Van Assen et al. 12 However, these 3D models usually need more training data compared to 2D models and require much longer runtime. To the best of the authors knowledge, there exists no published method that automatically selects the basal slice. The paper is structured as follows: section 2.1 demonstrates how the LV walls are segmented from the twochamber view using a 2D model of the LV. From the segmented LV in the two-chamber images, the end-systolic and end-diastolic phases are estimated in section 2.2 and the basal slice is identified in the short-axis image in section 2.3 . Section 3 provides details about the experiments and demonstrates the effectiveness of the approach. It is followed by a discussion (section 4) and conclusion (section 5).
PROPOSED ALGORITHM
While clinical guidelines describe basal slice detection based on features present in the short-axis images, the base of the LV is visually clearer in the long-axis views of the heart. As such, the authors focused their attention on segmenting the LV from the two-chamber view. The following subsection explains how a 2D model was trained and used for segmentation of the LV from the two-chamber view of the heart.
Two-chamber view segmentation
In order to segment the LV, an active shape model (ASM) 13 was used. ASM is a well-established method in the medical imaging and computer vision community for segmentation. Training of the ASM requires the input of a number of landmarks on the contour of the object to be modeled. In the proposed implementation, 181 landmarks were considered around the walls of the LV as well as the lungs above the heart. The model was trained with 650 segmented images that include 13 phases of the cardiac cycle from 50 MRI scans. Due to the variation in heart orientation in CMR studies, the images were first aligned and reoriented such that the heart was in an upright position, using the intersection vector of the two-chamber view and the four-chamber view. Figure 2 shows the training phase of the ASM as well as an image sequence segmented by the trained ASM. The trained ASM was then applied to the input two-chamber view image sequence. The images in the time-series were both fed to an algorithm which segments one image in the time series and takes the segmentation result as the initial position for the segmentation of the next image and another algorithm which segments each image independently. The segmentation with the best normalized cross correlation was selected for that image. The best location to initialize the trained ASM on the first image in the sequence was also found by applying the ASM with few iterations on a number of locations along the intersection vector of the two-chamber view and the 
four-chamber view slices and choosing the location with the best normalized cross correlation. Figure 3 shows a diagram of this procedure. Given the segmented two-chamber view images, a 1-D binary profile of the LV was created by collecting the values of pixels along the intersecting line between the segmented two-chamber view slice and the corresponding short-axis view slice over time and concatenating the collected pixel values based on their time order. Figure 4 shows this procedure. An example of the constructed 1-D binary profiles for 12 short-axis slices passing through a segmented two-chamber view of a heart is also shown in Figure 6 . The goal next was to estimate the end-systolic and the end-diastolic phases of the heart and find the basal slice from these binary profiles. 
Estimation of the end-diastolic and the end-systolic phases
Guidelines 9 state that the LV end-systolic and end-diastolic phases are when the segmented short-axis slices are at their smallest and largest blood volume, respectively. In order to estimate these two phases, the area of the blood volume cavity was measured for all the phases from the two-chamber view. This was carried out by finding the convex hull of the landmarks after segmentation and subtracting off the area surrounded by those landmarks. The two phases with the largest and the smallest area for the blood volume cavity were chosen as the end-systole and the end-diastole. Figure 5 shows the area of the blood cavity of a heart measured for each time phase within the cardiac cycle and the identified end-systolic and end-diastolic phases. In order to increase robustness of the algorithm, a certain number of phases around the estimated end-systolic and end-diastolic phases were searched while searching for the basal slice. Having estimated the end-systole and the end-diastole, the next step was to detect the basal slice from the temporal binary profiles.
Basal slice selection
Searching for the basal slice is first conducted for end-diastole. The basal slice selection algorithm goes through the 1-D binary profiles for each short-axis slice from top to the bottom until it finds the basal slice for the Area (pixels) end-systolic end-diastolic Figure 5 . The end-systolic and end-diastolic phases are estimated by examining the area of the segmented two-chamber view images. The time of these phases are used to constrain the search for the basal slice in the short-axis images. corresponding phase. Once the basal slice for end-diastole is detected, searching for the basal slice for the endsystole begins from the selected end-diastole basal slice to the bottom. For both phases, the first short-axis slice for which the binary profile indicates that the left wall, the right wall, or both of the walls of the LV have been seen during the whole time window (around the approximated end-diastolic or the end-systolic phases) is considered as the basal slice for the corresponding phase. This is subject to the condition that the average thickness of the observed wall in the time window is larger than a defined threshold, where the threshold is set to 60% of the average thickness of the segmented LV wall for that heart. The main reason for setting a threshold is to avoid selecting a short-axis slice that slightly touches one wall at the base, but is not inside the left ventricle yet. Needless to say, the described basal slice selection algorithm relies on a good segmentation algorithm. In order to decrease this dependency, a condition was added to the algorithm. Specifically, if the status of the wall being investigated alternates between observed and not observed in the time window, the short-axis slice will still be considered to have the potential to be the basal slice only if the frequency of the wall being observed in that time window is more than 60%. However, the previously defined threshold for the average thickness of the observed wall is increased to 70%. Moreover, the segmentation result might wrongly include parts of the left atrium walls which are basically thinner than the left ventricle walls. As a consequence, the generally defined 60% threshold also takes this possibility into consideration and prevents wrong selection of the basal slice for such cases. In Table 1 , the binary profile for the basal slices of two different hearts are provides. As can be seen in the binary profile for the second heart at end-systole, the segmentation was found to be inaccurate and consequently decision making was carried out using the 70% threshold.
EVALUATION
The method was applied to clinical data from 51 cases, including 33 MRI scans of patients with degenerative mitral valve regurgitation acquired on a Siemens 3T Biograph mMR scanner, 13 MRI scans of healthy subjects acquired on a Siemens 3T Magnetom Trio, and 5 MRI scans of patients with ST-segment elevation and myocardial infarction acquired on a Siemens 3T Magnetom Prisma scanner. The two-chamber cine CMR sequences comprised of 25 phases and the images were 256 × 232, 192 × 192, 256 × 216 pixels in size respectively with resolutions in the range of 1.13-1.56 mm. Images with 192 × 192 pixels were up sampled to 256 × 256 pixels. The short-axis cine CMR scans included 12-15 slices with similar number of phases. All 25 images of the two-chamber views were segmented by applying the ASM model as described in Section 2. The average segmentation error at the basal part of the LV was measured by finding the average vertical distance of the landmarks to the manually segmented LV and was about 4.1 mm. The basal slice selection algorithm was applied on the series of short-axis view slices for each patient and the results were compared to the manual selections done by an expert prior to this work. For each test case, the basal slice was detected in the end-systolic and the end-diastolic phases, giving a total of 102 basal slices. Overall, the proposed algorithm selects the same basal slices as the expert selection for 47 out of the 51 subjects for end-systole and 43 out of the 51 subjects for end-diastole. The average time to detect the basal slices for end-diastole and end-systole was about 24 seconds. Examples of detection results are shown in Figure 7 . Also shown are corresponding short-axis slices, including the slice below the basal slice (left), the basal slice (middle), and the slice above the basal slice (right). These additional slices are included to reveal the complexity of the basal slice appearance in the short-axis images. For both cases the proposed algorithm selected the same basal slice as the expert. One can see that selecting the short-axis slice below the line that connects the mitral valve points would give incorrect results for the first case. It is worth mentioning that there were 10 cases in the 51 MRI scans for which the previous definition did not provide a correct basal slice. Figure 8 shows two examples for which the proposed algorithm selected different slices in the end-diastolic phase than manually selected. Regarding the first case, the short-axis image for this slice is of poor quality due to significant blood movement around this area and consequently prevents the expert from making a good judgment about the correct basal slice. However, the basal slice for this case can easily be found by looking at the two-chamber view. The second case highlights the importance of having a correct segmentation algorithm. Wrong selection in this case stems from the fact that the basal slice is almost tangent to the base of the LV and consequently a minor error in segmentation of this area on the two-chamber view can prevent correct selection of the basal slice.
DISCUSSION
In order to estimate the percentage of myocardium around the blood cavity by looking at the two-chamber view slice, it was necessary to find the thickness of both the walls of LV in this slice. Not having a basic shape from the two-chamber view, the myocardium needed to be segmented using a method which values the morphology as importantly as the intensity, texture, and contextual information. ASM is a classic amd remarkable example of such a method. Other methods such active appearance models (AAMs) or a hybrid ASM/AAM have also been introduced previously. However, these methods are usually slower and cannot provide fast results for the problem being discussed in this paper. Collecting the thickness of the two walls for the basal slice for all the patients in the training set showed that at least one of the walls should be more than 60% as thick as the average thickness of myocardium for that heart in order to consider the short-axis slice in that location inside the LV. The 70% threshold set for the cases with high segmentation error was defined empirically. Although the two-chamber view provides an overview of two opposite walls of LV which are very close to the center of the ring, the authors agree that making decisions based on the information obtained from this view may not be logically equivalent to the 50% myocardium rule. A more accurate estimation would be possible by using the four-chamber view as well. The proposed algorithm is a reliable strategy for automation of the basal slice which can reduce the intra-an inter-observer variability in medical report for a more consistent diagnostic or medical trial. In addition, the proposed method is completely automatic and can be incorporated into any software at the loading of the image sequences.
CONCLUSION
A framework for automatic basal slice detection that follows the SCMR guidelines is presented. The key idea of the approach is to examine the status of the segmented two-chamber ventricle walls that pass through the short-axis slices. It was also shown that the two-chamber view can be used to provide a good estimation of the end-systolic and the end-diastolic phases and consequently, it does not require any segmentation of the short-axis slice. The method produces results in accordance with manually selected basal slices for normal and diseased hearts. Future work will use the information from the short-axis view for validation of the 2-chamber view segmentation results and will perform the basal slice selection for every time frame of the cardiac cycle for a complete 4D function evaluation.
